The predictable patterns and predictive skills of
Introduction
The progress of coupled ocean-atmosphere models and the corresponding data assimilation system makes seasonal climate predictions possible in the last decade or so (Wang et al. 2001; Palmer et al. 2004; Saha et al. 2006; Molteni et al. 2011) . At the National Center for Environmental Prediction (NCEP), seasonal forecasts using the Climate Forecast System (CFS) have become operational since 2004 (Saha et al. 2006) . The new version of the CFS (CFSv2) has been used in the operation since 2011. Compared with CFSv1, the CFSv2 represents a substantial change to all aspects of the forecast system including model components, data assimilation system and ensemble configuration. Recently, many efforts have been devoted to assessing CFSv2 products. These studies have reported prediction skill improvements in ENSO, the tropical Atlantic SST, global land precipitation, surface air temperature, and the Madden-Julian Oscillation in CFSv2 compared to CFSv1 (Yuan et al. 2011; Weaver et al. 2011; Jiang et al. 2012; Jiang et al. 2013; Hu et al. 2012a) , as well as biases in the CFSv2 Kim et al. 2012; Liu et al. 2012) .
Nevertheless, some aspects of CFSv2 prediction skill have not been fully investigated. For example, it is unclear what the prediction skills and predictable patterns of the precipitation are in monsoon regions in the CFSv2, although the CFSv1 showed capability of predicting the most dominant modes of Asian and Indo-Pacific summer precipitation several months ahead ( Yang et al. 2008; Liang et al. 2009; Yang et al. 2012) . For the Northern Hemisphere summer, there are three well-known monsoon regions: the Asian and Indo-Pacific monsoon (AIPM; 40°E-180°E, 30°S-50°N), the African monsoon (AFM; 30°W-50°E, 5°S-20°N) and the Northern American monsoon (NAM; 120°W-30°W, 10°S-50°N) (Tang and Reiter 1984; Webster and Yang 1992; Rowell et al. 1995; Adams and Comrie 1997; Meehl and Arblaster 1998; Barlow et al. 1998; Wang and Ding 2008) . Furthermore, the lead-time dependence of predictable patterns and prediction skills for seasonal precipitation in the three monsoon regions also need to be analyzed.
In this study, we address several issues about the monsoon precipitation for Northern Hemisphere summer in the CFSv2. We first identify the predictable patterns of AIPM, AFM and NAM precipitation. We then quantify the leadtime dependence of these predictable patterns and the possible influence of global SST. The coupled forecast system, the CFSv2 retrospective forecasts (called reforecasts thereafter) and observational data, as well as the analysis method, are described briefly in Sect. 2. Results are presented in Sect. 3, and a summary is provided in Sect. 4.
Model, data and analysis methods
The CFSv2 is a fully coupled climate system (Saha et al. 2012) . It consists of the NCEP Global Forecast System at T126 resolution, the Geophysical Fluid Dynamics Laboratory Modular Ocean Model versions 4.0 coupled with a twolayer sea ice model, and the four-layer Noah land surface model. We analyze the CFSv2 reforecasts covering all 12 calendar months from 1983 to 2010. These reforecasts, each of which is a 9-month integration, are an ensemble of 16 members initialized from the Climate Forecast System Reanalysis (CFSR; Saha et al. 2010) , with initial dates before the 31th of the particular month used as the ensemble member for the next month. Reforecasts of 9 months were initiated from every 5 day and run from all 4 cycles of that day. The initial days vary from 1 month to another. A detail about the initial time can be found at http://cfs.ncep.noaa. gov/cfsv2.info/ (see file ''Retrospective CFSv2 Forecast Data Information''). For summer (June-July-August, JJA) 0-month lead (LM0), the initial conditions of 16, 21, 26, and 31 May are for June, and 15, 20, 25, and 30 June (July) are for July (August). For JJA 8-month lead (LM8), the initial conditions of 14, 19, 24, and 29 September in previous year are for June, and 13, 18, 23, and 28 October (November) in previous year are for July (August). The observed data used for model verification include the Climate Prediction Center Merged Analysis of Precipitation (Xie and Arkin 1997) and the improved extended reconstructed SST version2 (Smith and Reynolds 2004) .
The main analysis tools applied in this study include the conventional empirical orthogonal function analysis (EOF) and the EOF with maximized signal-to-noise ratio (MSN EOF). For the conventional EOF analysis, we use ensemble mean of 16 members from the CFSv2 reforecasts. By design, the higher-ranked EOF mode accounts for the larger fraction of the total variance of the ensemble mean. However, due to the limited number of the ensemble, the ensemble mean actually still contains a substantial fraction of the internal atmospheric variability, which can be considered as unpredictable noise on seasonal time scale. For an ensemble forecast, the patterns of the internal variability can be estimated from the departures of individual members from their ensemble mean. To further eliminate the influences of the internal noise in the ensemble forecast, it is useful to apply MSN EOF, which isolates the most predictable patterns by maximizing the ratio of the variances of the ensemble mean and within-ensemble deviations (Allen and Smith 1997; Venzke et al. 1999; Huang 2004) . By definition, the pattern described by the MSN EOF mode is predictable if the forced response is consistent and matches observations significantly. The MSN EOF has been successfully used in identifying the most predictable patterns of SST in the tropical Atlantic (Hu and Huang 2007a) , Asian summer monsoon rainfall (Liang et al. 2009) , and East China Mei-yu (Gao et al. 2011 ) in CFSv1 reforecasts.
Results
Considering the pronounced precipitation variations in the three monsoon regions, the focus of this study is to investigate the predictable patterns of monsoon precipitation and their prediction skills in the CFSv2 reforecasts. We first analyze the leading modes of observed precipitation anomalies in the three monsoon regions, then compare these observed modes with those in the CFSv2 reforecasts with different lead time to identify the predictable precipitation patterns and their predictability and prediction. Also, we will explore the possible connection of these predictable patterns with global SST, particularly ENSO.
Leading patterns of observed AIPM, AFM,
and NAM precipitation Figure 1 shows the first and second modes of conventional EOF in observed AIPM, AFM, and NAM precipitation and their associated principal components (PCs). For AIPM precipitation (Fig. 1a) Figure 1b shows the first and second EOF modes and corresponding PCs of the AFM precipitation. The two modes together explain more than 43 % of the total variance, with 26.6 % for the first mode and 16.7 % for the second mode. The EOF1 represents out-of-phase variations in two precipitation centers in Africa, one around the western coast near 8°N and the other near the eastern Guinean coast region. It is called western coast dipole pattern. The PC1 exhibits a downward tendency, suggesting a drying trend in the west coast near 8°N and a wetting trend near the eastern Guinean coast and Sahel. The EOF2 displays an in-phase precipitation variation in the northeastern Atlantic and the Gulf of Guinea, and is referred to as northeastern Atlantic pattern. Both patterns seem to be related to the anomalous displacement in the location of the eastern Atlantic intertropical convergence zone (ITCZ) in boreal summer. Compared with PC1, the PC2 shows more robust interannual fluctuations but smaller decadal variations and trends. Figure 1c documents the first two EOF modes and corresponding PCs of the NAM precipitation. It is noted that above 46 % of the total variance is explained by the two EOF modes, suggesting that the precipitation variability in NAM is more concentrated into the first two leading modes, compared with that in AIPM and AFM. The EOF1 reflects opposite variations between a zonal belt north of equator and south of 10°N over the eastern Pacific and a broader area in Mexico, the Caribbean Sea, the Guyana Plateau and the equatorial Atlantic. We refer this mode to as the tropical eastern Pacific pattern. The PC1 shows mainly interannual variation with an abrupt fluctuation in 1996/1997. The EOF2 shows opposite variations between the regions in the eastern Pacific east of 110°W, the Caribbean Sean and the tropical North Atlantic and in the surrounding regions, including the tropical North Pacific in 110°-120°W, the eastern coast of North America and the Amazon Plains. We name this mode the Central American pattern. Compared with the PC1, the interannual variations in the PC2 are more apparent.
3.2 Most predictive patterns of AIPM, AFM, and NAM precipitation in CFSv2 3.2.1 AIPM Figure 2 shows the conventional EOF1s and the associated PC1s of the CFSv2 ensemble-mean AIPM precipitation anomalies for different lead times. The spatial distribution patterns are similar for different lead times (Fig. 2a, c, e, g, i) . Clearly, compared with the EOF1 of observation (Fig. 1a) , the equatorial dipole pattern is captured by the CFSv2. The major bias of the CFSv2 patterns compared with the observed EOF1 (Fig. 1a) is the variations over the equatorial central Indian Ocean. Coherent variations appear to its surrounding regions in observation, but opposite variations are seen in the CFSv2 reforecasts. The above equatorial dipole pattern and the major bias generally maintain as lead time increases. Although the ensemble mean can largely eliminate the atmospheric internal variability (noise) in the CFSv2 reforecasts, the noise level in the ensemble mean may still be non-negligible, because 16 members may not be a statistically sufficient sample size. The dash lines shown in the right panels of Fig ensemble members onto these EOF1s. It is noted that the spreads become larger for longer lead months. Thus, it arguably reflects the uncertainty associated with the leading modes of ensemble-mean variations in the CFSv2 reforecast, because the sampling noise may be pronounced for the small ensemble size. As mentioned in Sect. 2, the MSN EOF is an effective technique to isolate the signal (predictable pattern) from noise-embedded variations, such as the CFSv2 reforecasts. Figure 3 is the MSN EOF1s and the corresponding PC1s, which explain at least 35 % of the total variance for all different leads. For lead months 0-4 (LM0-LM4), the MSN EOF1s are similar to the conventional EOF1s (Fig. 2) . The main discrepancies between the two methods are seen from the corresponding PCs. It is noted that the spreads among ensemble members in the MSN PC1s (right panels of higher than those in the conventional EOF1s as shown in Fig. 5a ). Moreover, the time series derived from observations are more similar to the ensemble mean in the MSN EOF1s compared with those in the conventional EOF1s for LM0-5. (The correlations between the time series derived from observations and the ensemble means in the MSN EOF1 are higher than those in the conventional EOF1s; not shown). The discrepancies between the conventional EOF1s and the MSN EOF1s become larger when the leads are longer than 4 months. The MSN EOF1s and PC1s of AIPM precipitation for LM6 and LM8 have little similarity to the corresponding conventional EOF1s and PC1s, but they are similar to the EOF2 and PC2 in the observation (The correlations between MSN PC1s and observed PC2s are significant for LM5-8 as shown in Table 1 ). This feature implies that with the increase in lead time, the spreads among ensemble members become larger and, as a result, the most predictable patterns also change. Figure 4 shows the MSN EOF2s and the corresponding PC2s of AIPM precipitation. The second predictable patterns explain at least 15 % of the total variance for all leads. For LM0-LM4, the MSN EOF2s well reproduce the observed EOF2 patterns (Fig. 1a) . However, for leads longer than LM4, the patterns (Fig. 4g, i ) are similar to the observed first and second EOFs to some extent (Fig. 1a) . Figure 5a shows the averaged pattern of correlation coefficients among the 16 ensemble members in the conventional EOFs and the MSN EOFs of AIPM precipitation for different leads. Clearly, the correlations among ensemble members in the MSN EOF1s are higher than those in the conventional EOF1s, implying the advantage of MSN EOF in isolating the predictable patterns than the conventional EOFs [This feature also appears for AFM and NAM precipitation (Figs. 7a, 10a) ]. Also, it is noted that although the correlations decrease when lead time increases, almost all the correlations are larger than 0.6, meaning that both first and second modes of the MSN EOF may have good predictability. In addition, the correlations of the MSN EOF1 are larger than those in the MSN EOF2 for the same leads, indicating that the MSN EOF1 may have higher predictability than the MSN EOF2. We also calculated the correlations between the projecting PCs, computed by projecting the observed precipitation upon the MSN EOF modes, and ensemble mean PCs (Fig. 5b) . Clearly, the correlations in both MSN EOF1s and MSN EOF2s are significant, although they decrease with lead time, indicating that the MSN EOF1s and the MSN EOF2s match observations fairly well. Additionally, the correlations in MSN EOF1s are higher than those in MSN EOF2s for the same leads except for LM7-8. Overall, the results in Fig. 5b are consistent with those in Fig. 5a , confirming that both the MSN EOF1 and the MSN EOF2 may be predictable, particularly for short leads, which is further verified by examining the variance ratio between the ensemble mean and the individual member departure from the ensemble mean.
The ratios of ensemble-mean and within-ensemble variances in the first two MSN EOFs in AIPM are shown in Table 1 . It is easy to verify that r F 0:05 suggests that the sign of the individual ensemble members is the same with a certain confidence level. Namely, the response is consistent. It can be seen that the variance ratios are significant for the MSN EOF1 in all lead months and for the MSN EOF2 in LM0-LM3 (1st-2nd rows, Table 1 ). The coefficients of correlation between ensemble-mean PCs and observed PCs document that the MSN EOF1 show significant relationship with observed EOF1 for LM0-LM4 and LM7-8 and with observed EOF2 for LM5-LM8, whereas the MSN EOF2 shows significant relationship with observed EOF2 for LM0-LM4 and with observed EOF1 for LM5-LM8 (3rd-6th rows, Table 1 ). The equatorial dipole pattern in MSN EOF1 for LM0-LM4, and the tropical western Pacific pattern in MSN EOF2 for LM0-3 and in MSN EOF1 for LM5-6, exhibit consistent responses and significant correlation with observations, suggesting that these patterns are predictable patterns. Although the responses in MSN PC1s for LM7-8 are consistent and show significant correlations with observed PC1s and PC2s, the tropical western Pacific patterns for LM5-8 are predictable patterns because the MSN EOF1s for LM7-8 match the tropical western Pacific pattern better than the equatorial dipole pattern (Figs. 1a, 3i) . Overall, the equatorial dipole pattern is the most predictable pattern, and the CFSv2 can predict its evolution in leads by 5 months. The tropical western Pacific pattern is the second most predictable pattern for LM0-LM3 and the only predictable pattern for LM5-LM8. In general, the CFSv2 can capture this pattern 9 months ahead. The 1st and 2nd rows are ratios of ensemble-mean and within-ensemble variances in MSN EOF1 (MSN1) and MSN EOF2 (MSN2), respectively. The 3rd and 4th rows are the correlation coefficients between MSN PC1 and the observed PC1 and PC2, respectively. The 5th and 6th rows are the correlation coefficients between MSN PC2 and the observed PC2 and PC1, respectively. Bold numbers in the 1st and 2nd rows are above the 95 % confidence level (F test). The bold numbers in the 3rd-4th (5th-6th) rows are the correlation coefficients above the 95 % confidence level (Student t test) in the case of the significant ratios in 1st (2nd) rows Predictable patterns and predictive skills of monsoon precipitation 3077 Figure 6 displays the MSN EOF1s and the corresponding PC1s of AFM precipitation for different leads. For the leads less than 3 months (Fig. 6a, c) , the MSN EOF1 shows in-phase variations in the tropical North Atlantic with maximum anomalies near 5°N, which is similar to the North Atlantic pattern displayed in the observed EOF2 mode (Fig. 1b) . For LM4-LM8, the patterns of MSN EOF1 (Fig. 6e, g, i) are quite different from those of the observed EOF1 and EOF2 (Fig. 1b) . The MSN PC1 exhibits large spreads among the 16 ensemble members for lead time longer than 2 months. Compared with the AIPM (Fig. 3) , the spread is much larger in the AFM (Fig. 6) an inconsistency between observations and the CFSv2 reforecasts. The coefficients of pattern correlation among ensemble members in the AFM MSN EOF1 and EOF2 (Fig. 7a) are smaller than those in AIPM (Fig. 5a ) for all leads. In addition, in AFM, the coefficients of correlation between the projecting PCs and the PCs of ensemble mean in both MSN PC1 and MSN PC2 are insignificant for all leads except for marginally significant correlations for LM0 and LM7 in the MSN PC1 (Fig. 7b) , whereas they are significant for all leads in AIPM (Fig. 5b) . Thus, both the spreads among individual members and the discrepancy between observations and CFSv2 reforecasts in precipitation anomaly patterns in AFM are considerably larger than those in AIPM, suggesting a lower predictability in AFM than in AIPM.
AFM
Consistent with the correlations shown in Fig. 7 , the ratios of ensemble-mean and within-ensemble variances in the AFM MSN EOF1 for LM3-LM8 and in the AFM MSN EOF2 for LM0-LM8 are insignificant except in the AFM MSN EOF1 for leads less than LM2 (1st-2nd rows, Table 2 ), suggesting that the CFSv2 only exhibits consistent responses in the MSN EOF1 for LM0-LM2. Moreover, for these modes with consistent responses, their significant correlations with observations only exist between ensemble mean MSN PC1 for LM0 and observed PC2 (3rd-6th rows, Table 2 ), indicating that the observed pattern evolutions are not captured by the CFSv2 in general. Overall, the North Atlantic pattern is the only predictable pattern in AFM and the CFSv2 can predict it only 1 month in advance. For the western coast dipole pattern, the leading pattern in observations, the CFSv2 shows little predictability, and thus it is not shown and discussed here. Figure 8 shows the MSN EOF1s and the corresponding PC1s of NAM precipitation for different lead times. For LM0-LM4, the MSN EOF1 captures the observed tropical eastern Pacific pattern to some extent. However, the negative loadings over eastern Pacific around 10°N, north of South America, and the equatorial Atlantic in MSN EOF1 are much larger than those in observations (Fig. 1c) . For LM6 and LM8, the MSN EOF1 is similar to the observed subtropical eastern Pacific pattern (Fig. 1c) , though with some differences in details. The MSN EOF2 in NAM for LM0-LM4 captures the observed Central American pattern quite well (Fig. 9) , which is better than that in the MSN EOF1 for LM6-LM8. The excessively strong (weak) negative loadings over the subtropical Pacific in 110°-120°W (the Amazon Plains) in the MSN EOF1 for LM6-LM8 become realistic and consistent with observations in (a) (b) Fig. 5 (Figs. 8, 9 , right panels), the pattern correlations among ensemble members in the NAM MSN EOFs for all leads are significant (Fig. 10a) . The correlation coefficients between projected PCs and ensemble means PCs in the NAM MSN EOF2 are significant for all leads (Fig. 10b) . However, the coefficients in the NAM MSN EOF1 are significant for LM0-LM2 and LM6-LM8, marginally significant for LM3-LM4, and insignificant for LM5 (Fig. 10b) . That is, although the MSN EOF1 for LM5 is still the leading pattern (exceeding 37.7 % of total variance) in the CFSv2 reforecasts, the discrepancy between modeled pattern and observed pattern corresponds to large disagreement between the ensemble mean PC and the projected PC.
NAM
The ratios of ensemble-mean and within-ensemble variances in the NAM MSN EOF1 for all leads and in the NAM MSN EOF2 for LM0-LM3 and LM5 are significant (1st-2nd rows, Table 3 ), suggesting that these modes and their evolution may be predictable. The ensemble-mean MSN PC1s have significant correlations with the observed PC1 for LM0-LM4 and with observed PC2 for LM5-LM8 (3rd-6th rows, Table 3 ). For the MSN PC2, the ensemble means have significant correlations with the observed PC2 for LM0-LM3 and with the observed PC1 for LM5. In 3.3 Impact of SST on the precipitation patterns in AIPM, AFM and NAM Figure 11 shows the correlations between JJA SST and the observed PC1 and PC2 shown in Fig. 1 . The observed PC1 of AIPM precipitation (Fig. 11a) is connected with a central Pacific El Niño-like SST anomaly pattern with significant positive correlation in the central and eastern tropical Pacific and negative correlation in the western tropical Pacific, consistent with the central Pacific El Niño composite pattern shown in Hu et al. (2012b) . The simultaneous correlation coefficient is 0.84 between the observed PC1 and Niño 3.4 SST. It is thus suggested that ENSO is the dominant factor of the most predictable pattern in AIPM precipitation, agreeing with Liang et al. (2009) . For the observed PC2 of AIPM precipitation, significant correlations are negative and mainly in the northern Indian Ocean and the tropical eastern Pacific (Fig. 11b) , suggesting that both the Indian Ocean and ENSO play a role in this predictable pattern. Indeed, the EOF2 in AIPM precipitation (Fig. 1a) is very similar to the spatial distribution of the regression of observed precipitation onto broad-scale Asian monsoon circulation measured by the Webster-Yang index (WYI) (Lau et al. 2000) . The correlation coefficient (0.67) between the PC2 and WYI significantly exceeds the 99.9 % confidence level. For the observed PC1 of AFM precipitation, negative correlations prevail in almost the whole domain (a) (b) Fig. 7 ( Fig. 11c) , due probably to the downward trend in PC1 (Fig. 1b) and upward trend in SST. The correlations between SST anomaly and the observed PC2 of AFM precipitation (Fig. 11d ) present negative correlations in the central and eastern tropical Pacific and positive correlation in the western Pacific, suggesting a possible influence of ENSO. Nevertheless, the most striking and directive impact for the PC2 may come from the tropical Atlantic Ocean with significant correlation along the equatorial Atlantic, which is similar to the SST anomaly distribution in the mature phase of Atlantic Niño (Hu and Huang 2007b) . The SST anomaly pattern associated with the observed PC1 in NAM precipitation (Fig. 11e) is analogue to that associated with the observed PC2 of AFM precipitation (Fig. 11d) , implying that this kind of SST anomaly distribution can affect the precipitations in both AFM and NAM. The PC2 of NAM is mainly associated with local cooling in the tropical North Atlantic (Fig. 11f) .
Overall, except that the western coast dipole pattern in AFM is connected with the long-term trend (Figs. 1b, 11c) , the major patterns of AIPM, AFM, and NAM precipitation are the generally significant correlations with the tropical Pacific and tropical Atlantic SST variability, which is related to ENSO and Atlantic Niño, respectively. The connections with SST result in the predictability and predictable patterns in these monsoon regions in the CFSv2. Thus, the correctly predicting SST, particularly for the SST in the tropical Pacific and Atlantic oceans, is critical to the seasonable precipitation forecast in these monsoon regions. It can be seen from Fig. 12 , which displays the time series of the observed and CFSv2 reforecast ensemble mean SST anomalies for different leads over Niño1 ? 2, Niño3, Niño3.4, and the southeastern tropical Atlantic (30°W-10°E, 20°S-5°N; SETA) that the CFSv2 can well predict the interannual variability of SST anomalies over Niño1 ? 2, Niño3, and Niño3.4 for all leads (Fig. 12a-c) . This feature is consistent with the high skill of ENSO prediction by the CFSv2 . The two leading patterns in AIPM precipitation and in NAM precipitation are significantly correlated to ENSO-like SST anomaly and, as a result, the CFSv2 can well predict these patterns. Namely, the good skill of ENSO prediction benefits the successive prediction of monsoon precipitation.
However, it is noted that in addition to the increase in discrepancy between observed and CFSv2 reforecast SST anomalies with increase in lead time, the systematic warm or cold biases also present and some of them depend on lead time. For example, warm biases are larger for longer lead for Niño1 ? 2 SST anomalies (Fig. 12a) , and the cold biases of Niño3 decrease with increase in lead time. The cold biases of Niño3.4 are less dependent on lead time.
For AFM precipitation anomalies, the weak correlation with SST shown in Fig. 11c suggests that local land surface process may play a more important role than (a) (b) Fig. 10 ENSO, which may be a reason for the difficult prediction of precipitation in the region. Previous studies have documented that the SST variability over SETA and the land surface process play important roles in AFM precipitation variability (e.g. Folland et al. 1986; Elfatih and Gong 1996) . The robust local feedback between precipitation and land surface process in Africa makes the AFM precipitation prediction difficult because of the low skill in predicting land surface condition in the current CFSv2. Although Fig. 11d displays significant positive correlations between SST anomaly in the tropical Atlantic and the PC2 of AFM precipitation anomaly, the CFSv2 has low predictive skill for the SST in the region Hu et al. 2012a ). The interannual variability of SETA SST exhibits large discrepancy with observations for most of lead time except for LM0-LM3 (Fig. 12d) . It is interesting to note that the mean cold biases are larger for shorter leads, implying inaccuracy of initial conditions. All these deficiencies of the CFSv2 may be a factor affecting the predictive skills and predictable patterns in AFM precipitation.
Summary and discussion
This study has examined the prediction skills and predictable patterns of monsoon precipitation patterns for Northern Hemisphere summer using reforecasts of the NCEP CFSv2. The predictable patterns and their predictive skills of seasonal precipitation anomalies in AIPM, AFM, and NAM, as well as their dependence on lead time are the focus of the present study. Conventional EOF and MSN EOF analyses are used to depict the predictable patterns. Compared with the conventional EOF, the MSN EOF of AIPM, AFM, and NAM precipitation exhibits less spread among the 16 ensemble members for all leads of time, suggesting that the MSN EOF is a better tool for analyzing the predictable pattern. For a precipitation pattern in CFSv2 reforecasts, if the response is consistent and the pattern shows significant correlation with observations, we consider that the pattern is predictable. The most predictable pattern in AIPM for LM0-LM4 is an equatorial dipole pattern, with maximum negative loadings over the equatorial central-eastern Indian Ocean On average, the CFSv2 shows a similar level of prediction skill in NAM. The observed leading mode, characterized by the maximum negative loadings in the tropical eastern Pacific and positive ones around Mexico, the Caribbean Sea, the Guyana Plateau, and the equatorial Atlantic, is the most predicable pattern for LM0-LM4. In addition, the CFSv2 also maintains good level of prediction skill for a pattern characterized by negative loadings in the equatorial and tropical eastern Pacific, the subtropical Pacific east of 110°W, the Caribbean Sea, and the North Atlantic and positive ones over the subtropical Pacific in 110°-120°W and the Amazon Plains except for LM4.
Compared with the high level of prediction skill for AIPM and NAM precipitation, the CFSv2 shows lower prediction skills for AFM precipitation.
The leading patterns of observed precipitation variability in AIPM and NAM are significantly correlated with the SST anomalies over the tropical Pacific associated with ENSO. The prediction skills for AIPM and NAM precipitation largely depend on the prediction skill for the tropical Pacific SST. Because of the high skill of CFSv2 in predicting ENSO, the leading variability patterns in AIPM and NAM, related to ENSO, are predictable by the CFSv2. The leading variability patterns of AFM precipitation are mainly associated the long-term trend of SST as well as the tropical Atlantic SST anomalies. The low level of prediction skill for the tropical Atlantic SST anomalies may be associated with the low predictability for AFM precipitation. The results suggest that the ability for successful seasonal forecast of the precipitation variations over the three monsoon regions is critically dependent on the ability to accurately predict SST anomalies in the tropical Pacific and Atlantic, particularly for those associated with ENSO and Atlantic Niño.
It is clear that the predictable patterns and prediction skills for the precipitation in these monsoon regions may be model dependent, particularly since the CFSv2 has apparent biases Xue et al. 2012) . For example, in the CFSv2 reforecasts, there are clear warm bias of SST over Niño1 ? 2 and cold bias over Niño3 and Niño3.4. Also, although the CFSv2 reproduces the tropical rain belt and the large precipitation over the subtropical western Pacific several months ahead, wet biases are seen over the southern slope of the Tibetan Plateau, the Indian Ocean, the tropical western and eastern Pacific, and the tropical Atlantic and dry biases over the Bay of Bengal, the South China Sea, the Indian subcontinent, and the Amazon Plains (not shown). These biases may largely affect the predictable patterns and prediction skills for the precipitation in these monsoon regions, which deserves further investigations.
